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Genomics Data j o u r n a l h o m e p a g e : h t t p : / / w w w . j o u r n a l s . e l s e v i e r . c o m / g e n o m i c s -d a t a / array average (RMA, [1] ) method to calculate the expression level for each probeset of the array (in log 2 unit, online file: rma-genefull.summary.txt). For quality control, we performed principal component analysis (PCA) based on RMA expression levels of the samples. The projection to the most dominant two components is shown in Fig. 1a . The control samples formed a single cluster separable from the knockdown. However, the knockdown samples are further branched into two groups. The grouping is also clearly shown (Fig. 1b) by the correlation coefficient value (with each probe mean over all samples removed) between two samples: if the two samples come from the same group, the value is high (above 0.6); if they come from different groups, the value is low or negative. Further investigation of the biological samples showed that C4KD1 and C4KD2 cells contained nearly 90% reduced Cox4i1 mRNA and protein as compared to control cells [2] , while in C4KD3 cells the reduction was not as much (probably due to a less effective population selection by antibiotic resulting a mixture of knockdown and non-knockdown cells). This is consistent with microarray results: for both C4KD1 and C4KD2 the reduction werẽ 20 folds, for C4KD3 only~2 folds. In the following analysis, C4KD3 was excluded.
Statistical analysis
Fold changes are presented as the mean ± s.e.m. (standard error of the mean) and p-values were determined by one-tailed Welch's t-test, which is used to test the hypothesis that two populations have equal means and is more reliable than Student's t-test when the samples from two populations have unequal variances and unequal sample sizes [3] . So for a statistic t and a degrees of freedom v, the p-value is calculated by
where I is the regularized incomplete beta function. The statistic t is defined by the following formula:
Fig. 1. Quality control for data analysis. The array expression data (from all 41,345 probes) of each sample are projected to the first two components of PCA, P1 and P2 in a, showing the separation of 6 samples into three groups. This separation is also shown in the 6×6 matrix of the correlation coefficients between samples (b). The plot in (c) shows the selection criteria for significant fold change in individual gene expression: the absolute fold change has to be bigger than 2 0.5 (red and blue dots), and the p-value has to be smaller than 0.05. For functional analysis, the selected genes are ranked by p-value and are further selected by Benjamini-Hocheberg method to limit FDR (d).
where m 1 and s 1 are the mean and the s.e.m of the 1st sample, and m 2 and s 2 of the 2nd sample. The degrees of freedom v is approximated by
where v 1 and v 2 are the 1st and 2nd sample size, respectively. All calculations are performed using RMA expression levels, i.e., in log 2 unit. For a given gene, a fold change N 2 0.5 with a p-value b0.05 was considered statistically significant. Fig. 1b shows the distribution of fold change versus p-value for the full probeset of the Affymetrix GeneChip Mouse Gene 2.0ST Arrays. Out of 41,345 probes, 6049 had statistically significant fold change (red dots in Fig. 1c ). Among those are 4908 uniquely identified genes (out of 26,515 Entrez genes of the array). Each individual gene expression presented in the paper is among those.
Pathway analysis
The list of genes with significant fold change was uploaded to KEGG Mapper to search pathways (http://www.genome.jp/kegg/tool/map_ pathway1.html, [4] ). To further narrow down the list of pathways, we calculated the p-value of pathway enrichment. With H the hits, i.e., the number of genes from our list present in a pathway of size S, N the number of genes of the list, and T the total number of genes of the array, the enrichement p-value was determined by
in which F(h; t, s, n) is the hypergeometric cumulative distribution function
We found N = 4908, used T = 26515 and retrieved S from the KEGG database (July, 2015). Table 1 shows the top 64 most enriched pathways-excluding the ones in organ functions and specific diseases.
Functional analysis
A more stringent criteria was used to select genes for functional annotation: a fold change N2 with a p-value b0.01. There were 1861 probes satisfied this criteria. To control the false discovery rate (FDR), the Benjamini-Hocheberg procedure [5] was applied to select further: for the FDR at level q, find the largest k such that
then select i = 1...k, where p k is the p-value of m genes with lowest pvalues. For a FDR of 0.01, 1860 out 1861 probes were selected (Fig. 1d) . Among those were 656 up-regulated and 391 down-regulated uniquely identified genes (see files mypup.txt.2x0.01p and mypdown.txt.2x0.01p). The generated gene list was functionally annotated using DAVID 6.7 (http://david.abcc.ncifcrf.gov/, [6] ) with default setting (online file: myfa_table_all.txt.2x0.01p). The functional groups of genes were extracted from the annotated file using the corresponding terms (e.g. "signal transduction,") with our own script (online file: myfa.csh).
Results

Enriched expression in metabolic, cancer and PI3K signaling pathways
Metabolic Pathways, Pathways in Cancer and PI3K-Akt Signaling Pathway were the top three pathways enriched with the genes of significant expression change due to the CcO complex defect (Table 1) . Among the three, Pathways in Cancer and PI3K-Akt Signaling Pathway had a lots of overlaps while they had little overlaps with Metabolic Pathways (Fig. 2a) . The 330 genes enriching Metabolic Pathways were distributed in different pathways of metabolism (Fig. 2b) . Oxidative Phosphorylation was the leading one. Another enriched one was Glycolysis/Gluconeogenesis. Glycolysis is known to be responsible for energy generation if Oxidative Phosphorylation is interrupted. The 127 genes enriching Pathways in Cancer were sub-divided into many pathways (Fig. 2c) . Interestingly, genes in PI3K-Akt Signaling Pathway accounted for one third overall and contributed about half to others except Wnt and Hippo signaling pathways. The 95 genes enriching PI3K-Akt Signaling Pathway overlapped most significantly with pathways in cancer and also overlapped with additional signaling pathways (Fig. 2d) . Especially interesting were AMPK and mTOR pathways, known to be activated during metabolic stress. Most of these pathways were among the top 64 enriched pathways and accounted for most of the signaling pathways of the top 64. One significant exception was Calcium Signaling Pathway (Table 1) . It is significant because this pathway is involved in a unique retrograde signaling cascade responding to [Ca 2+ ] c elevation during disruptions of the mitochondrial electron transport chain [7] . We show in the following sections with specific expression changes that the defect in CcO complex caused metabolic shift to glycolysis, induced calcium dependent retrograde signaling, activated PI3K pathway and resulted in carcinogenesis.
Disruption of CcO complex leading to metabolic shift to glycolysis
The expression of Cox4i1 in the cells with Cox4i1 silenced by shRNA, referred as CcO4KD cells throughout this paper, was less than 5% of the control with scrambled shRNA (Fig. 3a) . The mRNA expression levels of the irreversible glycolytic enzymes, Hexokinase (Hk1, Fig. 3b ), Phosphofructokinae (Pfkm, Fig. 3c ) and Pyruvate kinase (Pkm, Fig. 3d ) had approximately two-folds increase. Fig. 3 also shows the mRNA expression levels of four other enzymes in the glycolytic pathway with the most fold-changes (Acss2, Adh1, Adh7 and Aldh2 in Fig. 3e to h ). They were all up-regulated in CcO4KD cells and are downstream of glycolysis-important for processing pyruvate produced during glycolysis. In agreement with these data, CcO activity was reduced by about 90%, the Hk and Pfk activities increased about two folds, and glucose uptake was more than two-fold higher in CcO4KD cells [2] . These indicated that silencing Cox4i1 lead to the disruption of CcO activity and caused metabolic shift to glycolysis.
Activation of Calcium dependent retrograde signaling pathway
The mitochondrial stress and the loss of mitochondrial membrane potential were indicated by the enrichment of Calcium Signaling Pathway (Table 1 ) and in particular by a two-fold increase in the expression level of Ca 2+ sensitive Calcineurin (Ppp3ca, Fig.   4a ). This signal in response to sustained elevation of [Ca 2+ ] c had been shown to activate a set of stress responsive transcription factors: NFkB, NFAT and CREB [7] . This was consistent with the increased expression levels of Nfkb1, Nfkb2, Rela, Nfatc1, Nfatc3, Creb3l1 and Creb3l2 ( Fig. 4b to h ). In addition to those, this retrograde stress signaling induced increased expression of many genes involved in tumor progression. In particular, Tgfb1 and Mmp16 had 2 to 3 folds expression increase ( Fig. 5a and b) . In agreement with these data, Calcineurin activity increased three folds in CcO4KD cells; while for the cells further treated with BAPTA, a Ca 2+ chelator, or FK506, a specific Calcineurin inhibitor, the up-regulation of Tgfb1 and Mmp16 was significantly attenuated and the glucose uptake was significantly inhibited comparing to untreated cells [2] . These indicated that the Calcineurin mediated retrograde signaling pathway played an important role in metabolic shift to glycolysis and carcinogenesis. 
Activation of PI3-kinase pathway and carcinogenesis
The activation of PI3-kinase pathway was indicated by a two-fold increase in expression level of PI3-kinase-of both catalytic and regulatory subunits Pik3cb and Pik3r4 (Fig. 6a and b) . It has been shown that this pathway is a major determinant of the glycolytic phenotype through Akt1 and Mtor signaling and subsequent downstream Hif1a transcription factor activation [8] . In addition to increased expression of Mtor and Hif1a (Fig. 6c and d ) in CcO4KD cells, there were also increased expression levels for genes further down stream [9] of this pathway including Redd1(Ddit4), Tsc2, Foxo1 and PKCα(Prkca) (Fig. 6e to h) as well as other genes related to pathways in cancer (Fig. 5) . Aerobic glycolysis supports various biosynthetic pathways and, consequently, the metabolic requirements for proliferation. Consistent with this, the CcO4KD cells developed anchorage independent growth, an important hallmark of malignant cells, and further treatment with Wortmannin, a PI3-kinase inhibitor, attenuated the glucose uptake and inhibited the colony formation of those cells [2] . These indicated that the PI3-kinase pathway played a crucial role in metabolic shift to glycolysis and in tumor progression.
Oncogenes enriched transcription profiles
Bmp4, Arnt2, Tgfb2, Col4a5 and Ar (shown in Fig. 5c to g ) were the five most up-regulated genes in Pathways in Cancer. Ccne1 (shown in Table 2 38 significantly regulated genes in pathways in cancer. 35 were up-regulated in CcO4KD and only 3 were down-regulated (Ccne1, Ccne2 and Tceb1). The genes were selected with a fold change ≥2 and a p-value b0.01. The fold change is expressed in log 2 unit. significantly regulated genes in Pathways in Cancer (enrichment pvalue less than 10 − 6 ). ). 24, 15 and 11 of these up-regulated genes in pathways in cancer are in functional groups of signal transduction, regulation of transcription and PI3K pathway, respectively. There were extensive overlaps (11) between those in signal transduction and regulation of transcription (Fig. 7b ). There were also overlaps (5) between those in signal transduction and PI3K pathway (Fig. 7c) . There was only one (Rxra) overlap between those in regulation of transcription and PI3K pathway. Only two genes (Dapk2 and Ncoa4) in pathways in cancer were not in any of the other three functional groups. Interestingly, none of genes in pathways in cancer was in metabolic pathway. It appears that CcO defects induced Calcineurin/PI3K retrograde signaling which in turns induced up-regulation of genes involved in signal transduction and regulation of transcription, upregulation of genes related to pathways in cancer, and carcinogenesis.
Discussion
The whole genome microarray analysis of the knockdown and control cells gave the insight into the magnitude of systematic changes of gene expressions and also enabled the global analysis of pathways and functional groups of many genes efficiently. It is interesting to know the accuracy of individual fold change of gene expression estimated from the experimental array. For some of the genes, the relative mRNA levels were also measured by RT-PCR [2] . Fig. 8 shows the comparison between the results of microarray and RT-PCR. The agreement is quite good. The that fold change estimated by the array is slightly on the conservative side. This gave confidence to use the array not only for the global analysis but also for measuring relative change of individual gene's mRNA level.
The pathway analysis also indicated that PPAR (PGC-1α) signaling pathway was activated. PGC-1α is another regulator of mitochondrial biogenesis and function. It has been shown that PGC-1α has a positive feedback to one of its upstream regulator: Calcineurin [10] . This protein can interact with, and regulate the activities of, cAMP response elementbinding protein (CREB). Fig. 9a to d shows the up-regulation of PGC-1α (Ppargc1a) and its interaction partners Crebbp, Pparg, and Rxra. Another important pathway activated was the AMP-activated protein kinase (AMPK) signaling pathway. AMPK plays an important role in insulin signaling, glucose uptake, and energy homeostasis and is involved in PGC-1α-mediated mitochondrial biogenesis. The microarray analysis indicated up-regulation of AMPK (Prkaa1 and Prkaa2 in Fig. 9e and f) and its up-stream regulator LKB1 (Stk11, Fig. 9g ) as well as two downstream genes (Srebf1, Fig. 9h; and Tsc2, Fig. 6f ). This is puzzling since AMPK is supposed to down-regulated Srebf1 and Tsc2 and to be a metabolic checkpoint to control cell proliferation when activated under energy stress. But it was not doing any of those in CcO4KD cells. The role of AMPK pathway in Cox4i1 knockdown needs to be studied further.
Our physiological experiments have shown that CcO dysfunction is a possible biomarker for cancer progression in digestive diseases such as esophageal tumors [2] . It will be very interesting to conduct a whole genome expression analysis on such tumors and to compare the results with those presented in this paper. Such comparison will help to further understand the pathways of this type of tumor progression and to find possible pathway-based methods of diagnosis and treatment.
